ABSTRACT Glaucoma is one among the leading reasons of blindness and vision loss in the working population. Retinal image analysis is an important tool for early diagnosis and prognosis of glaucoma which helps in preventing vision loss. The end-to-end processing pipeline for Glaucoma detection from retinal images includes the detection of optic disc (OD), neuroretinal rim (NRR), and optic cup (OC) segmentation, feature computation from the segmented OD and OC, and estimation of Glaucoma from these features. This paper is submitted as a correction article to our previous paper, which presented only the first step of the pipeline i.e., fast and robust OD segmentation in retinal images. This correction paper presents the remaining steps of Glaucoma detection processing pipeline. The segmented OD is preprocessed to highlight the NRR and OC area. A multi-layer perceptron with 12-D feature vector is used for pixel classificationbased OC segmentation. Cup-to-disc ratio and other contextual features are extracted from the segmented OD and OC. A decision tree-based random subspace ensemble classifier is used to classify the Glaucomatous and non-Glaucomatous images. Experimental evaluation shows that the proposed methodology can be reliably utilized in screening programs for early glaucoma detection.
I. INTRODUCTION
The automated analysis of retinal images has been widely used for early detection, and prognosis of many ophthalmic, retinal and systemic disease especially because they can be viewed and examined non-invasively [2] . The accurate localization, segmentation and morphological analysis of change in retinal anatomical structures support in triggering timely treatment hence prevent vision loss. The computer assisted decision support system based on automated retinal image analysis can greatly improve healthcare particularly in developing countries, where there is deficiency of expert ophthalmologists [3] .
Glaucoma is the second major cause of blindness and vision loss in the world. The effect of vision loss due to Glaucoma cannot be realized at early stages until the optic nerve fiber is damaged by 63% and in general it happen over a period of 5 years [4] . The changes in morphological attributes which includes shape, color and depth of Optic Disc (OD) are major indicators of Glaucoma [5] . The OD is divided into two major regions; outer region and the central region. The central region is comparatively brighter and contains the Optic Cup (OC). The outer region, also known as NeuroRetinal Rim (NRR) lies between the outer boundary of OC and the margins of OD boundary [2] . The Optic Nerve damage due to Glaucoma alters the position and width of NRR. Moreover, the Optic Cup-to-Disc Ratio (CDR) is also increased due to structural change in OD [6] . The CDR can be computed by calculating the area and diameter of OD, and the area of NRR and the OC diameter. Another feature which is used to characterize the Glaucoma is ISNT rule, which is the abbreviation of Inferior, Superior, Nasal and Temporal regions in OD [5] , as shown in Figure 1 . These regions indicate the width of NRR in the respective direction. The inferior side of healthy eye has largest width followed by Superior, Nasal and Temporal sides. The alteration in the position and width of NRR results in changing the ISNT width. The estimation of change in the ISNT width is also a diagnostic indicator for Glaucoma detection [7] .
Hence, the end-to-end processing pipeline of Glaucoma detection in retinal images includes the following steps; 1) Robust segmentation of OD, 2) Identification of NRR region and segmentation of OC, 3) Extraction of contextual features which includes computation of CDR and ISNT, 4) Estimation of Glaucoma based on these features. This paper is submitted as a correction article to the previous paper [1] . The difference of this paper from the previous paper [1] is that the previous paper only presents the first step i.e. fast and robust segmentation of Optic Disc. However, this paper presents a complete processing pipeline for automated Glaucoma detection along with other three steps i.e. step 2 to step 4, with the aim to develop an automated screening system for early detection of Glaucoma.
A number of techniques are availabe in literature for glaucoma detection [6] . For instance, Joshi et al. [8] proposed region based active contours for OD sementation and vessel r-bend informtion for OC segmentation. Dua et al. [9] extracted energy feature using wavelet transform and supevised classification for Glaucoma detection. Mookiah et al. [10] utilized Discrete Wavelet Transform (DWT) and Higher Order Spectra (HOS) features with Support Vector Machine (SVM) classifier for Glaucoma detection. The CDR, and ISNT features with SVM classifiers are employed by Issac et al. [11] . Singh et al. [12] computed wavelet based features from segmented OD, employed genetic algorithms for diamentionality reduction followed by application of SVM / Random Forest for classification of retinal images in to healthy and Glaucoma affected. CDR ratios are used for Glaucoma identification. Ant Colony optimization algorithms for OC segmentation is proposed in [13] , however the work is not extended for Glaucma estimation. Most recently, Soltani et al. [14] presented a fuzzy logic based Glaucoma detection decision support system. This paper presents the development of an end-to-end pipeline for Glaucoma detection in retinal images. The OD detection, segmentation and experimental evaluation is given in [1] and [15] . The segmented OD is considered as the Region of Interest (ROI). The ROI image is preprocessed to highlight the NeuroRetinal Rim region and removal of retinal vasculature from that region. A Multilayer Perceptron (MLP) with a 12-D feature vector is used for pixel classification based segmentation of OC. The contextual features which includes computation of CDR and ISNT are extacted from segmented OD and OC. These features are used by a decision tree based random subspace ensemble classifier for Glaucoma estimation in retinal images.
The organization of the paper is as follows. Section II illustrates the algorithmic pipeline for Glaucoma estimation. The experimental evaluation is given in Section III. Section IV presents the discussions and conclusion. 
II. PROPOSED METHODOLOGY
This work presents an automated method for classification of retinal images in to Glaucomatous and healthy images. The proposed pipeline is graphically illustrated in Figure 2 .
A. OPTIC DISC LOCALIZATION AND SEGMENTATION
The OD localization and segmentation technique previously developed by our group [1] , is able to detect and segment the OD without using any initial vascular information and template knowledge. Experiments illustrate that this method is fast, robust to varying imaging conditions (as shown in Figure 3 ) and quantitatively comparable to the state of the art methods.
B. OPTIC CUP SEGMENTATION
Anatomically, the OC lies in the central portion of OD and is surrounded by the NRR tissue. The segmented OD is used as ROI mask and the pixels within this ROI are classified as the part of OC or NRR. A 12-D feature vector is computed from the ROI and a Multilayer Perceptron is used for pixel classification based segmentation of the OC.
1) PREPROCESSING
Retinal blood vessels are visible in the NRR as well as in the OC area. The ROI is preprocessed to remove this retinal vasculature. The vessels are detected by using multiscale line operator [16] . The line operator exploits the properties of piece-wise linearity and connectedness to compute the line strength of a pixel. Line strength is a quantitative score that a particular pixel belongs to blood vessel or not. The operator used the sliding window technique and compute the line strength for each pixels in 12 orientations covering all possible vessel directions in 360 degrees. The highest response approximates the retinal vasculature. The line strength image is thresholded to obtain the binary mask of retinal vasculature as shown in Figure 4 (b). The ground truth for optic cup (shown in Figure 4 (c)) has been created by the expert ophthalmologists. The detected vessels have been removed from the OC ground truth mask, as illustrated in Figure 4 (d) . The pixel features for OC segmentation are computed from this modified mask. 
2) FEATURE EXTRACTION AND MODEL TRAINING
The difference between the OD and OC is highlighted by applying a series of morphological operations. The background of the image I BG has been estimated by convolving it with suitable sized arithmetic mean kernel. The size of arithmetic mean kernel is chosen in such a way that no anatomical structure is visible in the filtered image. Moreover, morphological opening is performed on the image with disk shaped structuring element of size 3 (I OPEN ). The normalized image is computed by subtracting the Opened imaged from the background estimate as mentioned in (1) .
The Optic Cup area is clearly differentiated from the Optic disc in the normalized image I NORM as shown in Figure 5 . The normalized image I NORM is smoothed at three levels to get more clear differentiation of Optic Cup area. A 12-D feature vector has been computed, which consists of pixel intensity values of RGB channels of original image and the three normalized images (I NORM ) smoothed at different levels. The vessel removed ground truth mask shown in Figure 4 (d) is used to mask the feature vector in such a way that pixel intensities of vessel pixels are not included in the feature vector. The features are computed from the segmented Optic Disc ROI and equal number of training samples have been chosen for positive and negative classes. A MLP has been used to classify the pixels belonging to Optic disc or Optic Cup. The MLP is comprised of an input layer of 12 neurons, two hidden layer of 20 neurons and one output layer of single neuron. Ellipse fitting is performed on the classified image to get the precise Optic Cup boundary as shown in Figure 5 (e-h).
C. CONTEXTUAL FEATURE EXTRACTION AND GLAUCOMA ESTIMATION
After segmentation of Optic Disc and Optic Cup, the retinal images are classified as Glaucomatous or healthy based upon the CDR and ISNT features computed from segmented OD and OC. These features are summarized in Table 1. A decision tree classifier with Random Subspace ensemble is employed for automated classification of retinal images in to healthy and Glaucomatous images. The algorithm is implemented in Matlab R2017a and details of experimental evaluation are given in the following section.
III. EXPERIMENTAL EVALUATION A. MATERIALS
The experimental evaluation for OC segmentation and Glaucoma estimation is performed on the publicly available RIM-ONE [17] and HRF [18] databases. The ground truths of OC boundary are provided with the former dataset, and the images from HRF dataset are manually labelled by the expert ophthalmologists. The ground truths for Glaucomatous images are provided with both of these image datasets.
B. PERFORMANCE MEASURES
The quantitative performance measures which includes Accuracy, Sensitivity, Specificity, Precision, F1 Score and Overlap used to evaluate the OD and OC segmentation, and Glaucoma estimation. The detailed formulation of these measures is given in [1] . VOLUME 6, 2018 
C. RESULTS
The quantitative performance results of OC segmentation are illustrated in Table 2 .
There are many retinal image datasets available publicly [19] , but the Glaucoma estimation ground truths are available only with the recent datasets, RIM-ONE [17] and HRF [18] . The Glaucoma estimation methodologies published in literature, presents their evaluation on local dataset which are not publicly available. Hence the direct comparison of proposed method with the already published methodologies is not possible. Table 3 shows a summary of various published Glaucoma estimation methodologies. The summary includes the algorithm highlights, the short description of their local dataset, and their reported performance measure.
Direct comparison and comparative evaluation of several algorithms performing same task is an important aspect for research progress in medical image analysis. We have presented the quantitative performance measures on publically available datasets (HRF and RIM-ONE). This practice will provide a mean of direct comparison of Glaucoma estimation algorithms developed in future.
IV. DISCUSSION AND CONCLUSION
In this paper, we have proposed an image processing pipeline for automated estimation of Glaucoma in retinal images. A fast and robust Optic Disc segmentation methodology is the preliminary step. The segmented OD is taken as ROI for Optic Cup segmentation. The ROI is preprocessed and a 12-D feature vector is computed. A MLP is used for supervised classification of Optic Cup pixels. The Glaucoma estimation is performed using features extracted from segmented Optic Disc and Optic Cup. A decision tree based ensemble classifier is used to segregate the images as healthy and Glaucomatous. The highlight of this work is the development of end-to-end pipeline for Glaucoma identification from retinal images.
As a correction article to [1] , the difference of this paper from the previous paper [1] is that the previous paper only presents the first step of Glaucoma detection processing pipeline i.e. fast and robust segmentation of Optic Disc. In this correction article, the rest of three steps of processing pipeline are presented which include; segmentation of NRR and Optic Cup, Contextual features (CRD and ISNT) extraction followed by Glaucoma estimation.
The features are computed optimally and those which do not contribute in Glaucoma estimation are removed. For instance, the blood vessels in OD and OC are considered as irrelevant features in case of Glaucoma identification. The blood vessel pixels are identified and removed before computing the feature vector. The computational efficiency and robustness of proposed methodology makes it a suitable tool to be included as the building block in the development of an automated system for Glaucoma screening in population based studies.
